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Abstract
Background: Increasing rice (Oryza sativa L.) yield is a crucial challenge for modern agriculture. The ideal plant
architecture is considered to be critical to enhance rice yield. Elite plant morphological traits should include
compact plant type, short stature, few unproductive tillers, thick and sturdy stems and erect leaves. To reveal the
genetic variations of important morphological traits, 523 germplasm accessions were genotyped using the Illumina
custom-designed array containing 5,291 single nucleotide polymorphisms (SNPs) and phenotyped in two
independent environments. Genome-wide association studies were performed to uncover the genotypic and
phenotypic variations using a mixed linear model.
Results: In total, 126 and 172 significant loci were identified and these loci explained an average of 34.45 % and
39.09 % of the phenotypic variance in two environments, respectively, and 16 of 298 (~5.37 %) loci were detected
across the two environments. For the 16 loci, 423 candidate genes were predicted in a 200-kb region (±100 kb of
the peak SNP). Expression-level analyses identified four candidate genes as the most promising regulators of tiller
angle. Known (NAL1 and Rc) and new significant loci showed pleiotropy and gene linkage. In addition, a long
genome region covering ~1.6 Mb on chromosome 11 was identified, which may be critical for rice leaf architecture
because of a high association with flag leaf length and the ratio of flag leaf length and width. The pyramid effect of
the elite alleles indicated that these significant loci could be beneficial for rice plant architecture improvements in
the future. Finally, 37 elite varieties were chosen as breeding donors for further rice plant architectural
modifications.
Conclusions: This study detected multiple novel loci and candidate genes related to rice morphological traits, and
the work demonstrated that genome-wide association studies are powerful strategies for uncovering the genetic
variations of complex traits and identifying candidate genes in rice, even though the linkage disequilibrium
decayed slowly in self-pollinating species. Future research will focus on the biological validation of the candidate
genes, and elite varieties will also be of interest in genome selection and breeding by design.
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Background
Plant morphological traits have important effects on rice
yield, and elite plant architecture should include short
stature, few unproductive tillers, thick and sturdy stems,
more grains per panicle and erect leaves [1]. Moreover,
these traits are controlled by multiple quantitative loci.
Until now, most quantitative trait loci (QTLs) were
identified using bi-parental linkage mapping populations.
For tiller number and angle, MOC1, a gene that is
important in the control of rice tillering, was mapped on
chromosome 6 [2]. TAC1, a major tiller angle (TA) gene,
was identified on chromosome 9 [3]. LA1, which regu-
lates shoot gravitropism to control TA, was detected on
chromosome 11 [4]. PROG1, which controls TA and the
number of tillers, was mapped on chromosome 7 [5, 6].
For plant height, the green revolution gene, sd1, was
mapped on chromosome 1 and encodes GA20ox [7].
Moreover, IPA1, which profoundly changes rice plant
architecture and substantially enhances rice grain yield,
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was located on chromosome 8 [8]. Additionally, D53
acts as a repressor of strigolactone signaling, and a d53
mutant produced an exaggerated number of tillers to con-
trol rice plant architecture [9, 10]. For leaf architecture, a
classic gene, NAL1 with pleiotropic effects on multiple
traits, including polar auxin transport and vascular pat-
terns, was characterized on chromosome 4 [11–14]. A
great many of the flag leaf architecture QTLs (or genes)
have been isolated, such as LC1 [15], qFLL6.2 [16], qFL1
[17], qFLW7.2 [18] and qLSCHL4 [19]. For panicle type,
qPE9-1 [20] and EP2 [21] were two erect panicle QTLs,
and sp1 leads to a short-panicle phenotype [22].
Although linkage mapping is a powerful method to detect
QTLs, the discovery of QTLs is limited by the material
used. Based on the historic recombination in diverse germ-
plasm indicated by the presence of linkage disequilibrium
(LD) between markers and QTLs across the genome,
genome-wide association studies (GWASs) are considered
to be an excellent way to uncover the genetic variations of
complex traits using a large natural population [23]. In the
past few years, GWASs were successfully applied to the
dissection of complex traits in humans [24] and animals
[25]. In 2010, GWASs were successfully applied to the
analysis of 107 phenotypes in Arabidopsis thaliana inbred
lines [26]. Subsequently, GWAS research has been imple-
mented in crops such as rice [27–32], maize [33, 34],
soybean [35, 36] and wheat [37].
Compared with a QTL linkage analysis, GWAS is com-
monly performed using a large unrelated diverse germ-
plasm to increase the diversity of alleles and haplotypes
[38]. A high-density SNP map and comprehensive HapMap
have been constructed in rice (Oryza sativa L.) [27]. How-
ever, limited studies have been carried out to analyze rice
morphological traits systematically based on the high-
density map. In our study, we used a systematic GWAS in
523 diverse accessions for 12 phenotypes in two environ-
ments, Lingshui (LS; N 18°32′, E 110°01′), Hainan Province
and Hangzhou (HZ; N 30°15′, E 120°12′), Zhejiang
Province, China in 2014. The goals of this study were (1) to
uncover the genetic architecture of morphological traits,
including tiller number, TA, flag leaf architecture and pan-
icle characteristics; (2) to identify a substantial number of
significant loci related to morphological traits for candidate
gene identification and elite allele analysis; and (3) to dis-
cover elite breeding lines for rice plant architecture and
yield improvement. The results will aid our understanding
of mechanisms underlying rice morphological traits, and
provide valuable theoretical knowledge for rice genomic
selection and breeding by design.
Methods
Plant materials
The GWAS experiment comprised 523 rice germplasm ac-
cessions (469 indica and 54 japonica), which were collected
from 25 countries, representing the major rice-growing
regions of the world (Fig. 1a; Additional file 1: Table S1).
To limit the influence of strong population differentiation
between the two subspecies, we only chose 469 indica
accessions, most of which were from southern China
(Fig. 1b). These accessions, with three replications, were
planted in a randomized complete block designed of 6 col-
umn × 6 row, with spacing of 20 cm among the plants in
LS and HZ in 2014. For each block, the four plants in the
middle block were selected to evaluate phenotypes to elim-
inate the marginal effects. The measurement methods of 12
morphological traits are summarized in Additional file 2:
Figure S1.
SNP genotype calling
Rice genomic DNA was extracted from the young leaf
tissue of each of the 523 accessions, which had been
grown in the experimental field of the China National
Rice Research Institute in Hangzhou in 2014. All of the
accessions were genotyped using Illumina custom-
designed arrays by following the Infinium HD Assay
Ultra Protocol [http://support.web.illumina.com/down-
loads/infinium_hd_ultra_assay_protocol_guide_(1132808
7_b).html] (Illumina, Inc., San Diego, CA). The array
consisted of 5,291 single nucleotide polymorphisms (SNPs)
that were chosen from the Rice Haplotype Map Project
Database (http://202.127.18.221/RiceHap2/index.php) [27].
Genotypes of these accessions were called using Genome
Studio (Illumina, USA). The quality of each SNP was con-
firmed manually, and a few of the SNPs of low quality and
a minor allele frequency < 5 % were removed from the data-
set. Finally, 4,136 SNPs were used for the GWAS analysis
(Additional file 3: Table S2).
Genotypic data analysis
Major allele frequency, gene diversity, polymorphic in-
formation content (PIC) (Additional file 3: Table S2) and
population differentiation (FST) among different subpop-
ulations (Additional file 4: Table S3) were calculated
using PowerMarker version 3.25 [39]. Based on the
Bayesian Markov Chain Monte Carlo (MCMC) Program,
the genetic component of each accession and the num-
ber of subpopulations (K), ranging from 1 to 12 in all of
the population (and 1 to 15 in the indica subpopulation),
were inferred using STRUCTURE version 2.2 [40]. In
the analysis, five independent runs with a burn-in period
of 10,000 steps and 100,000 MCMC replications were
implemented. The ancestry model allowed for popula-
tion mixture and correlated allele frequencies. Both the
value of log likelihood [LnP(D)] and an ad hoc statistic
ΔK [41] were used to reveal the suitable population
structure. The results of the five independent runs were
integrated using the CLUMPP software [42] and then
generated as a Q-matrix for further association mapping.
Lu et al. BMC Genomics  (2015) 16:1067 Page 2 of 17
A neighbor-joining (NJ) tree was constructed based on
Nei’s genetic distance [43] between pairwise individuals
under PowerMarker version 3.25 [39]. Furthermore,
according to the Nei’s genetic distance matrix, a princi-
pal component analysis (PCA) was performed using
NTSYSpc version 2.1 [44]. Finally, the pairwise related-
ness coefficients were calculated using SPADiGe version
1.4c with the negative values among individuals set as
zero and then all the values were doubled to obtain the
K matrix for further analysis [45].
Estimation of LD decay
The LD parameter r2 was computed using TASSEL ver-
sion 4.0 [46] to evaluate the level of LD between linked
SNPs. The LD decay rate was measured as the chromo-
somal distance at which the average pairwise correlation
coefficient dropped to half of its maximum value [27, 35].
The LD block was calculated using Haploview 4.2 [47].
Phenotypic variation and correlation
A total of 12 morphological traits were evaluated in two
environments. The statistical analyses of mean, standard
error (SE) and broad-sense heritability (HB
2) were calcu-
lated using Microsoft Office Excel 2007. The broad-
sense heritability was computed through an analysis of
variance using the following formula:




2 is genetic variance and σe
2 is error variance.
Correlation coefficients among the 12 agronomic traits
Fig. 1 Material distribution and germplasm diversity. a Geographic origins of 523 rice samples. The pie charts on the world map represent the
country-specific distribution. The size of the pie chart shows the sample size, and colors within each pie chart reflect the proportion of indica
(black) and japonica (red); b Most of the indica accessions are distributed in southern China; c Grain with rich phenotypic variations; d Brown rice
with different pericarp colors
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were computed by R (http://www.r-project.org/). An
ANOVA was carried out to evaluate the effects of geno-
type (G), environment (E) and genotype × environment
(G × E) using SAS system 9.0 (SAS, Inc., Cary, NC,
USA), and the percentage of phenotypic variation ex-
plained by population structure was also carried out in
SAS 9.0.
Genome-wide association
An association analysis was performed using TASSEL
version 4.0 [46], and the EMMA [48] and P3D [49] algo-
rithms were performed to reduce computing time. Four
models including GLM, Q, K, and Q + K were used to
evaluate the effects of population structure and relative
kinship. The GLM model: without any factor as covari-
ate; the Q model: Q-matrix as covariate; the K model: K
matrix as covariate; and the Q + K model: both Q and K
matrix as covariates. The GLM and Q models were per-
formed using a general linear model program. However,
the K and Q + K models were computed under a mixed
linear model program [50, 51]. The two model program
equations can be expressed as
y ¼ Xαþ e and y ¼ Xαþ Qβþ Kμþ e;
respectively, where y was the vector of phenotypic ob-
servation, α was the vector of SNP effects, β was the
vector of population effects, μ was the vector of kinship
effects, e was the vector of residual effects, Q was the
matrix from STRUCTURE relating y to β, and X and K
were incidence matrices of 1 s and 0 s relating y to α
and μ, respectively [35, 50]. For the comparison, we
adopted two significant thresholds, the Minimum Bayes
factor (BF = −e × p × ln(p)) [52, 53] and the Bonferroni
(P = a/n) [54, 55]. In this study, we used 1/n (a = 1, 1/
4,136 = 2.4 × 10−4) as the cutoff for all traits except for
pericarp color (a = 0.001, 0.001/4,136 = 2.4 × 10−7).
For the significant marker-trait associations, the elite
and null alleles were used to determine the choice of
elite accessions for further breeding by design. The for-











where xi was the phenotypic value of accession carrying
the i allele, yj was the phenotypic value accession carry-
ing the j allele, and n and m represented the number of
accessions. If a was positive, then the i allele was defined
as an elite allele with an increasing effect and the j allele
was defined as the null allele with a decreasing effect,
and vice versa. In our study, we chose parental acces-
sions with elite or null alleles based on the characteris-
tics of different traits.
Candidate gene expression profiling
The expression levels of 14 TA candidate genes were
measured by quantitative real-time PCR (qPCR) using
eight accessions with large TAs at the seedling, early and
later tillering stages, respectively. Total RNA was ex-
tracted from the base of tiller tissue using a MiniBEST
Plant RNA Extraction kit (Takara Bio Inc, Japan). Com-
plementary DNA (cDNA) was synthesized by Prime-
Script RT Master Mix (Takara Bio Inc, Japan). The
reaction was performed on an ABI Step-One Plus Real
Time PCR System (Applied Biosystems, USA). The ex-
pression level of actin was used to standardize the data
for each run. The expression experiment was performed
at three replications for each sample. The qPCR primers
and materials are summarized in Additional file 5: Table
S4. Duncan’s multiple comparison was performed by
SPSS 13.0 (Chicago, IL) at 0.01 significance level.
Results
Material distribution and genotyping array
Rice germplasm resources maintain most of their genetic
diversity during the process of domestication (Fig. 1c
and d). In our study, 523 accessions of O. sativa col-
lected from 25 countries (Fig. 1a; Additional file 1: Table
S1) were genotyped using the Illumina custom-designed
genotyping array containing 5,291 SNPs. The SNPs with
minor allele frequencies < 5 % were deleted from the
dataset to avoid problems of spurious LD and false posi-
tive associations. Finally, 4,136 SNPs of high genotyping
quality were used for the GWAS analysis (Additional file
3: Table S2). For these SNPs, 74.39 % inter-marker dis-
tances were less than 100 kb and only 4.43 % were more
than 400 kb (Fig. 2).
Population divergence
We first calculated the genetic component of each var-
iety using STRUCTURE (K = 1 to 12). The results
showed that the LnP(D) value for each given K, from 1
to 12, increased but did not show a maximum value
(Fig. 3a). The value of Evanno’s ΔK showed the highest
peak at K = 2 (Fig. 3b). Therefore, we speculated that the
two subspecies, indica and japonica, were present in
major groups (Fig. 3c), and the result was also confirmed
by the NJ tree (Fig. 3d). In addition, the FST between
indica and japonica was 0.56, suggesting a strong level
of differentiation between the two subspecies (Additional
file 4: Table S3), which was in close agreement with a
previous report [27].
Given the strong population differentiation between
indica and japonica subspecies, only 469 indica acces-
sions, most of which were distributed in southern China
(Fig. 1b), were chosen for further analyses. Similarly, we
first ran STRUCTURE (K = 1 to 15) on the panel to
evaluate the number of subpopulations, and the genetic
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component of each variety is shown in Additional file 6:
Table S5. The LnP(D) value increased continuously with K
values of 1 to 15. Meanwhile, the top two peaks of Evan-
no’s ΔK appeared at K = 2 and K = 4 (Fig. 4a and b). This
result suggested that the genetic structure of the 469
indica accessions had two or four classifications, which
was supported by the occurrence of two subpopulations
(K = 2) and four groups under two subpopulations (K = 4;
Fig. 4c). When K = 2, the geographic distribution analyses
showed that the Group 1 accessions were distributed in
the Yangtze River basin, and the Group 2 accessions were
distributed in both the Pearl River basin and southeastern
Asia (Additional file 7: Figure S2a). When K = 4, the first
subpopulation, POP1, was distributed in the Yunnan,
Guizhou and Sichuan Provinces. POP2 was distributed in
the southeastern coastal areas of China. POP3 was distrib-
uted in the Middle-Lower Yangtze Plains and POP4 was
distributed in southeastern Asia (Additional file 7: Figure
S2b). Furthermore, we constructed a NJ tree based on
Nei’s genetic distances (Fig. 4d). There were four clear
clades (without considering mixed subpopulation) that
represented the four subpopulations (blue, red, green, and
purple). Finally, the PCA demonstrated that the top two
eigenvectors clearly separated these accessions into four
subpopulations (without considering mixed subpopula-
tion) shown as POP1, POP2, POP3, and POP4 (Fig. 4e).
PC1 and PC2 accounted for 17.8 % and 8.7 % of the
genetic variation, respectively. Combined with the results of
the NJ tree and PCA, we concluded that four suitable
subpopulations (POP1 to POP4) can be obtained in the 469
indica accessions. Moreover, the FST values of the four
subpopulations ranged from 0.05 to 0.25, indicating a mod-
erate level of subpopulation differentiation (Additional file
4: Table S3).
Relative kinship between indica individuals
Most of the pairwise relative kinship values were less
than 0.1 (Additional file 8: Figure S3). A total of 58.6 %
Fig. 2 Proportion of the 4,136 SNPs categorized by inter-SNP (the
adjacent SNPs) distances. d represents the distance between two
adjacent SNPs
Fig. 3 Population structure of 523 rice samples. a Mean LnP(D) values plotted as the number of subpopulations; b ΔK values plotted as the
number of subpopulations; c Subpopulations inferred using STRUCTURE; d NJ tree based on Nei’s genetic distances
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of the pairwise kinship coefficients were zero, and about
24.4 % of the kinship values ranged from 0 (excluding 0)
to 0.1. A fraction of kinship values (16.7 %) showed vari-
ous degrees of relatedness from 0.1 (excluding 0.1) to
0.5, and only 0.3 % of the values were larger than 0.5
(Fig. 5). This pattern of relative kinship demonstrated
that there was no or weak relatedness in the complex
indica panel.
LD analysis
The pairwise SNP LD parameter r2 was analyzed using
TASSEL 4.0 [46]. A regression analysis between r2
and genetic distance indicated that they fitted the
equation y = −0.133ln(x) + 0.9733 (R2 = 0.9422) (Fig. 6).
Therefore, the genome-wide LD decay distance was
~109.37 kb at which the r2 dropped to half its maximum
value (r2 max) (Additional file 9: Table S6). Then, accord-
ing to the same strategy, the LD decay rate of each of the
12 chromosome was estimated. The shortest LD decay
distance was 96.15 kb on chromosome 5, and the longest
was 421.39 kb on chromosome 7. The average decay
distance was 214.69 kb (Additional file 9: Table S6). These
results were consistent with previous studies that culti-
vated rice had a long-range LD decay distance from
~100 kb to ~200 kb [27, 56]. Given that most of the inter-
marker distances were less than 100 kb (Fig. 2), we ex-
pected to have a reasonable power to detect common
large-effect variations in the indica panel.
Phenotypic variation and correlation
A wide range of phenotypic variations were observed
for the 12 morphologic traits in LS and HZ (Table 1;
Additional file 10: Table S7). The average HB
2 was
71.43 %, ranging from 36.49 % for flag leaf length
(FLL) to 99.61 % for pericarp color (PC). The average
percentage of phenotypic variation explained by popula-
tion structure was 21.76 %, indicating that phenotypic
variation was influenced by population structure. Hence,
the Q-matrix was necessary as a covariate for the GWAS
analysis to control false positive associations.
Fig. 4 Population structure of 469 indica samples. a Mean LnP(D) values plotted as the number of subpopulations; b ΔK values plotted as the
number of subpopulations; c Subpopulations (K = 2 and K = 4) inferred using STRUCTURE; d NJ tree based on Nei’s genetic distances. Blue, red,
green, purple and black represent POP1, POP2, POP3, POP4 and Mixed, respectively; e Principal component analysis
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ANOVA results indicated that the effects of G, E and
G × E were all highly significant (P < 0.001) except for
the effect of E on panicle number (P < 0.05; Table 2).
These results implied that rice morphologic traits were
highly affected by E.
Phenotypic correlation coefficients showed that most of
the morphological traits were highly significantly (P < 0.001
and P < 0.01) or significantly (P < 0.05) related to each other
in LS (Fig. 7a) and HZ (Fig. 7b) in 2014, especially FLL to
the ratio of flag leaf length and flag leaf width (FLLW), tiller
number (TN) to panicle number (PN), plant height (PH) to
FLL, and flag leaf width (FLW) to FLLW. These results
demonstrated that rice morphological traits were highly re-
lated to each other, and this provides valuable knowledge
for rice plant architectural modifications.
Different model comparison
To control false positive trait-marker associations, four
models, GLM, Q, K and Q + K, were compared with
each other using the quantile-quantile (Q-Q) plot shown
in Fig. 8. For all 12 traits, the Q, K and Q + K models
were significantly better than the GLM model, which did
not consider the influence of population structure or
relative kinship. Moreover, the K model was better than
the Q model. Additionally, the Q + K model, controlling
both population structure and relative kinship, was a
little better than the K model in reducing the type I
errors. For the four models, the number of significant
SNPs identified at P < 2.4 × 10−4 (Bonferroni threshold a
= 1) is shown in Fig. 9. In LS, the number of significant
SNPs was sharply reduced from 6,894 (GLM) to 762
(Q), then to 57 (K) and finally to 56 (Q + K). In HZ, the
trend was the same as in LS. These results illustrated
that the false positive associations were greatly con-
trolled only when using the Q + K model. Thus, we
chose this model for the GWAS analysis.
Genome-wide association mapping and expression
analysis
A total of 456 significant SNPs were identified in LS and
HZ. To select major loci among all the significant SNPs,
the SNPs with the lowest P-values were maintained
within a 200-kb window according to the average LD
decay rate in the panel. Finally, in LS and HZ, 126 and
Fig. 5 Distribution of pairwise relative kinship coefficients
Fig. 6 Estimation of genome-wide average LD decay distance in the indica panel
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172 significant SNPs, including known and new candi-
date loci, respectively, were identified for the 12 traits and
all of the significant loci explained ~34.45 % (10.29 to
72.19 %) and 39.09 % (20.10 to 71.76 %) of the phenotypic
variation on average, respectively (Table 3; Additional file
11: Table S8; Additional file 12: Figure S4).
For tiller number in HZ, the highest SNP peak (seq-
rs1206, P = 9.89E-06) was detected on chromosome 2,
with the SNP explaining ~5.2 % of the total phenotypic
variation, and 32 candidate genes were predicted within
200 kb (±100 kb of the peak SNP). For TA, a significant
SNP (seq-rs3945) was identified on chromosome 8 both
in LS (P = 4.52E-04) and HZ (P = 1.10E-06), explaining
~3.5 % and ~5.9 % of the total phenotypic variation, re-
spectively. Moreover, 22 candidate genes were contained
within 200 kb. For FLL in HZ, a significant locus of seq-
rs5454 (P = 1.25E-05) was mapped on chromosome 11,
explaining ~5.0 % of the total phenotypic variation and
34 candidate genes were obtained. For FLW in HZ, seq-
rs4707 (P = 3.53E-06) was detected on chromosome 10,
explaining ~5.6 % of the total phenotypic variation and
34 candidate genes were predicted. For panicle type (PT)
in LS, a peak SNP of seq-rs1802 (P = 4.67E-06) was
observed on chromosome 3, explaining ~5.4 % of the
total phenotypic variation and 38 candidate genes were in-
cluded. For PC, two significant SNPs, seq-rs1190 and
gwseq-rs2, explained ~25.59 % of the phenotypic variation
Table 1 Phenotypic variation, explanation and broad-sense heritability of each trait in the indica panel
Trait a Environment b Mean ± S.E c Range RQ
2 (%) d HB
2 (%) e
TN LS 12.47 ± 0.16 4.67 ~ 26.50 30.78 80.08
HZ 13.29 ± 0.18 5.75 ~ 32.00 24.49
TA LS 18.24 ± 0.28 8.00 ~ 35.00 11.06 74.25
HZ 16.40 ± 0.19 8.67 ~ 31.40 11.34
PH LS 110.91 ± 1.20 54.50 ~ 199.50 52.93 77.36
HZ 134.47 ± 1.45 74.60 ~ 212.60 57.53
FLL LS 27.23 ± 0.22 14.00 ~ 40.60 24.77 36.49
HZ 39.13 ± 0.34 21.88 ~ 68.25 23.21
FLW LS 1.45 ± 0.01 0.90 ~ 2.14 19.19 75.66
HZ 1.61 ± 0.01 1.03 ~ 2.43 14.52
FLLW LS 19.18 ± 0.19 9.42 ~ 35.75 25.20 61.53
HZ 24.74 ± 0.26 12.32 ~ 43.45 21.07
FLA LS 1.89 ± 0.06 1 ~ 7 10.57 62.67
HZ 2.69 ± 0.08 1 ~ 7 37.03
PN LS 9.29 ± 0.12 4.83 ~ 22.33 29.24 79.37
HZ 9.13 ± 0.12 4.60 ~ 27.20 15.64
PT LS 2.21 ± 0.03 1 ~ 5 9.74 72.15
HZ 2.58 ± 0.04 1 ~ 5 24.26
PL LS 22.38 ± 0.11 17.20 ~ 30.10 18.95 49.52
HZ 25.93 ± 0.11 18.42 ~ 32.83 14.97
PC LS - 0 ~ 1 17.26 99.61
HZ - 0 ~ 1 14.69
HC LS - 0 ~ 1 8.16 88.46
HZ - 0 ~ 1 5.70
Average 21.76 71.43
aTN tiller number, TA tiller angle, PH plant height, FLL flag leaf length, FLW flag leaf width, FLLW the ratio of flag leaf length and flag leaf width, FLA flag leaf angle,
PN panicle number, PT panicle type, PL panicle length, PC pericarp color, HC hull color; b LS Lingshui, HZ Hangzhou; c S.E standard error; d RQ
2 (%), Percentage of
phenotypic variation explained by population structure estimated by Structure; e HB
2 (%), Broad-sense heritability; −, No data
Table 2 ANOVA for 12 agronomic traits
Trait TN TA PH FLL FLL FLLW FLA PN PT PL PC HC
G *** *** *** *** *** *** - *** - *** - -
E *** *** *** *** *** *** - * - *** - -
G × E *** *** *** *** *** *** - *** - *** - -
TN tiller number, TA, tiller angle, PH plant height, FLL flag leaf length, FLW flag
leaf width, FLLW the ratio of flag leaf length and flag leaf width, FLA flag leaf
angle, PN panicle number, PT panicle type, PL panicle length, PC pericarp
color, HC hull color; * and *** indicate significance levels at 0.05 and 0.001,
respectively. -, No data; G genotype, e environment; G × E, Interaction of
genotype and environment
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in LS and ~16.74 % in HZ were mapped on chromosomes
2 and 8, respectively. In addition, 29 and 27 candidate
genes were predicted (Additional file 11: Table S8). Coin-
cidentally, the two candidate loci were also detected in a
previous study using a different indica GWAS panel [27].
This demonstrated that the SNP array was capable of
capturing the major common variants responsible for
morphological traits. Moreover, 16 of 298 (126 plus 172)
(~5.37 %) associations were detected across two environ-
ments, and 423 candidate genes were predicted in the Rice
Genome Annotation Project database (Additional file 13:
Table S9).
To verify the effectiveness of our GWAS loci, the new
TA locus (seq-rs3945) containing 43 candidate genes
(±180 kb, the LD decay distance on chromosome 8) de-
tected in two environments was chosen to test the asso-
ciation (Fig. 10a). Fourteen of the candidate genes with
typical gene structures were used to explore gene ex-
pression levels in seedling, early and later tillering stages
using eight large TA accessions (Additional file 14: Table
S10). Most of candidate gene expression levels showed
fold changes between two different stages (Additional file
15: Figure S5), especially the expression levels of
LOC_Os08g33150 (Fig. 10b), LOC_Os08g33160 (Fig. 10c),
LOC_Os08g33200 (Fig. 10d) and LOC_Os08g33420
(Fig. 10e) in the later tillering stage, which were up to
869.9-, 10744.2-, 105.2- and 8.6-fold higher, respectively,
than in the seedling stage (Additional file 14: Table S10).
The results indicated that the four candidate genes are
promising targets participating in the regulation of TA in
this region.
Linkage and pleiotropy
Gene linkage and pleiotropy are common phenomena in
plant biogenetics. In our study, out of the 456 significant
SNPs, 54 known or new candidate SNPs showed clear
signal linkage or pleiotropy that was associated with
multiple traits in the two environments (Fig. 11). The
NAL1 locus at ~31.8 Mb on chromosome 4 was closely
related to FLW, FLLW and PN in LS. Moreover, the cor-
relation coefficients of FLW-FLLW (r = −0.60, P < 0.001),
FLW-PN (r = −0.46, P < 0.001) and FLLW-PN (r = 0.29,
P < 0.001) were highly significant in LS (Fig. 7a). The Rc
locus at ~6.1 Mb on chromosome 7 was correlated with
both PC and hull color (HC) in LS, and the correlation
coefficient was 0.41 (P < 0.001) (Fig. 7a). In addition, some
new candidate loci having gene linkage or pleiotropy were
observed as well. For example, the loci at ~27.1 Mb on
chromosome 2 and at ~12.5 Mb on chromosome 8 were
highly associated with PC and HC, similar to the Rc locus.
In particular, a long genome region from ~27.4 to
29.0 Mb on chromosome 11, including nine loci, was
associated with both FLL and FLLW in HZ (Fig. 11; Fig.
12a, b, c and d). An LD block analysis of the nine loci
Fig. 7 Phenotypic correlation coefficients among 12 agronomic traits in two environments. a Phenotypic correlation coefficients in Lingshui;
b Phenotypic correlation coefficients in Hangzhou. Blue color represents positive correlation, pink color represents negative correlation and the
shade of color represents the absolute correlation coefficient value. TN, Tiller number; TA, Tiller angle; PH, Plant height; FLL, Flag leaf length; FLW,
Flag leaf width; FLLW, The ratio of flag leaf length and flag leaf width; FLA, Flag leaf angle; PN, Panicle number; PT, Panicle type; PL, Panicle
length; PC, Pericarp color; HC, Hull color
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showed that these markers had low LD parameter (r2)
values except for markers seq-rs5397 and seq-rs5399
(Fig. 12e). The results demonstrated that a hotspot on
chromosome 11 surely existed, not because of the LD
block. In conclusion, natural and artificial phenotypic se-
lection may explain gene linkage and pleiotropy in rice
domestication.
Elite alleles and breeding by design
The effects of elite alleles for 10 traits that are dir-
ectly related to rice plant architecture are summarized
in Additional file 16: Table S11). Without considering
the effect of interactions among these loci, the more
elite alleles were pyramided in varieties, with the lar-
ger average phenotypic values increasing significantly
Fig. 8 Quantile-quantile plots for 12 morphological traits in two environments. a Tiller number; b Tiller angle; c Plant height; d Flag leaf length; e
Flag leaf width; f The ratio of flag leaf length and width; g Flag leaf angle; h Panicle number; i Panicle type; j Panicle length; k Pericarp color; l
Hull color. Distribution of P-values assuming associations (expected P-values) are represented as gray lines; distribution of P-values calculated
based on the four models (observed P-values) are represented as different colored lines; LS, Lingshui; HZ, Hangzhou
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(Additional file 17: Figure S6). The results indicated
that enhancing the frequency of elite alleles has a sig-
nificant effect on rice phenotypic improvements.
However, some traits, such as TA, flag leaf angle
(FLA) and PT, should pyramid more null alleles to
obtain lines with erect plant architecture.
Based on the characterization of the new plant type
(NPT) [1] and the effects of elite alleles, 37 favorable
varieties were chosen as breeding parents to modify the
present high-yield plant type (Additional file 18: Table
S12). The phenotypes of these favorable varieties closely
meet the NPT standards [1], for example, lower tiller
(~6 to ~12) and unproductive tiller numbers, erect plant
type (TA ≤ 20°), ideal plant height (~80 to ~120 cm), mod-
erate FLL (~20 to ~50 cm), wider FLW (~1.5 to ~2.3 cm),
erect leaf and PT, and larger panicles. The number of elite
alleles carried by these varieties is listed in Additional file
18: Table S12). In the two environments, most of the elite
varieties were different, indicating that morphological
traits were highly affected by environment, which was also
supported by the ANOVA (Table 2). Moreover, in differ-
ent environments, the rice plant type modification
depended on different parents and combinations. How-
ever, two elite accessions (Zaoxiang17 and Lvyuanzhan)
were found repeatedly in two environments, indicating
that the two varieties possess unique phenotypes and ideal
numbers of elite alleles.
Discussion
Rice is a staple food and provides energy for more
than half of the world’s population. In recent decades,
rice production has only increased slightly and im-
proving rice yields has become a pressing problem.
Plant type modification is a potential way to solve
these challenges. The NPT was characterized by
Khush et al. in the 1990s to change rice plant archi-
tecture to enhance rice production [1]. In this study,
Fig. 9 Distribution of the significant SNPs (P < 2.4 × 10−4) in Lingshui
and Hangzhou under the four different association models
Table 3 Summary of associations for 12 traits in the two environments, Lingshui and Hangzhou
Lingshui Hangzhou
Trait a Num. of sig. locus R2 (%) b Known locus c Num. of sig. locus R2 (%) b Known locus c
TN 4 16.27 8 35.10
TA 7 24.55 TAC1[3] 9 23.95 TAC1[3]
PH 10 60.19 15 61.26 D3[67]; IPA1 [8]; d27 [68]
FLL 17 37.09 NAL1[11] 28 46.17
FLW 24 40.73 NAL1[11] 33 39.62 NAL1[11]
FLLW 14 33.76 NAL1[11] 25 39.63
FLA 4 11.38 8 20.10
PN 15 37.02 OsTB1[69] 16 46.02 OsTB1[69]; te[70]
PT 12 33.62 10 23.28
PL 7 10.29 9 23.60
PC 4 72.19 Rc[71] 6 71.67 Rc[71]
HC 8 36.30 Rc[71]; Ibf[72] d 5 38.69 Ibf[72] d
Total 126 172
Average 10.5 34.45 14.3 39.09
aTN, Tiller number; TA, Tiller angle; PH, Plant height; FLL, Flag leaf length; FLW, Flag leaf width; FLLW, The ratio of flag leaf length and flag leaf width; FLA, Flag leaf
angle; PN, Panicle number; PT, Panicle type; PL, Panicle length; PC, Pericarp color; HC, Hull color. bR2 (%), Total of phenotypic variation for each trait explained by
all significant loci; cDetails of the known loci are shown in Additional file 11: Table S8 and Additional file 12: Figure S4; dThe cause gene has not been confirmed
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a GWAS was performed using a larger natural popu-
lation than in previous studies [27, 28]. These mate-
rials originated from 25 countries, which represented
all of the major rice-growing regions in the world
(Fig. 1; Additional file 1: Table S1). In addition, 12
morphological traits were systematically measured in
two different environments. This work can compre-
hensively reveal the genetic architecture of morpho-
logical traits and will provide elite parents for rice
plant type modifications.
Although GWAS is a feasible tool to reveal compli-
cated genetic variations in rice, it may be highly affected
by population structure, resulting in false positive asso-
ciations [26]. Structural association and genomic control
are two common strategies performed in human and
plant association mapping to reduce the rate of false
positive loci [50, 57–59]. In our studies, the association
panel only included indica subspecies to control false
positive associations. In addition, the program STRUC-
TURE was used to uncover population structures in the
indica panel for a further GWAS analysis [40, 41]. Four
subpopulations (POP1 to POP4) and a mixed group
were obtained and subsequently supported by a PCA,
which was consider to be another fast and effectively
inferred population structure [60] (Fig. 4; Additional file
6: Table S5). Because of domestication and artificial se-
lection, genetic relatedness among individuals, which
generated numerous spurious associations, is inevitable
in the association panel [50]. In this work, familial rela-
tionships were estimated using SPAGeDi, which is a
versatile program that analyzes spatial genetic structures
[45]. About 83 % of the kinship coefficient values were
less than 0.01 (Fig. 5), indicating that there was no or
weak relatedness between pairwise varieties in the panel
(Additional file 8: Figure S3).
As mentioned above, population structure (Q-
matrix) and relative kinship (K matrix) play key roles
in controlling type I error. Therefore, combining the
two factors has been suggested to reduce the false
positive loci in association mapping [61, 62]. In this
study, four models with different combinations of K
and Q were performed for all of the traits in the two
environments. The Q + K model was regarded as the
best model to reduce the rate of false positive associ-
ations (Figs. 8, 9). These results were also supported
by an earlier study in maize [61]. Consequently, the
Q + K model was considered to be the ideal choice
for our association mapping.
LD plays an extremely important role in association
mapping and determines the resolution of an asso-
ciation study [63]. In our study, the LD decay dis-
tance varied over 12 different chromosomes, ranging
from ~96.15 kb on chromosome 5 to ~421.39 kb on
chromosome 7 (Additional file 9: Table S6). This may
be due to the differences in the recombination rates on
the 12 chromosomes. Moreover, the whole genome-wide
and the average LD decay distances were 109.37 kb and
214.69 kb, respectively (Additional file 9: Table S6). This
is in agreement with the previous calculation [27, 56]
but much larger than maize (~1 to 10 kb) [64]. These
Fig. 10 Association mapping and candidate gene expression levels. a Manhattan plot on chromosome 8 for tiller angle in two environments and
the strongest signal locus, containing 43 candidate genes in a 360-kb genomic region. Red squares represent the genes validated by qPCR. b, c,
d and e The relative expression levels of LOC_Os08g33150, LOC_Os08g33160, LOC_Os08g33200 and LOC_Os08g33420 in different tillering stages.
Different capital letters above the bar plots represent Duncan’s multiple comparison at 0.01 significance level
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results indicated that LD extends over a much longer
distance in self-pollinated species, such as rice [27],
soybean [35] and Arabidopsis [65], than in cross-
pollinated crops, such as maize [64]. Marker density
is another factor in the power of the association ana-
lysis. Taking the rice LD decay rate into consider-
ation, even though our average marker density is ~1
SNP per 100 kb in the whole genome (Fig. 2), which
is lower than in previous studies [27, 28, 31], we also
expected to have reasonable power to detect common
genomic large-effect variations in our study.
To date, many morphological genes (or QTLs) have
been identified in rice using the bi-parental mapping
strategy [2–12, 15–22]. Compared with linkage mapping,
the GWAS method not only provides a higher mapping
resolution but also enables the detection of a greater
number of candidate loci [27, 30, 36]. Hence, GWAS has
been widely performed to reveal the genetic variation of
complex traits in rice [27–32], maize [33, 34], soybean
[35, 36] and wheat [37]. To better understand the gen-
etic variation of morphologic traits in rice, GWAS was
conducted for 12 traits in two environments. A total of
298 significant loci, including both reported and new
loci, were identified (Table 4; Additional file 11: Table
S8; Additional file 12: Figure S4), and 16 (~5.37 %) loci
were detected across the two environments (Additional
file 13: Table S9). Morphological traits are highly
affected by environment, which was supported by the
ANOVA (Table 2) and a previous study [66]. For the
new loci detected in the two environments, 423 candi-
date genes were obtained within a 200-kb genomic
region (±100 kb of the peak SNP) in the Rice Genome
Annotation Project database (Additional file 13: Table
S9), and the functional variants, together with the effects
of these genes, will be tested and validated using genetic
transformation in the future. Moreover, the known loci
that are directly related to rice plant morphology, such
as sd1 [7], MOC1 [2], D53 [9] and LC1 [15], were not
detected in our work. One possible reason was the insuf-
ficient SNP coverage in some genomic regions, especially
near the centromere. Another possible explanation was
that some genetic variations were actually rare in the
indica panel. The third possible reason was false nega-
tive associations because of the strict threshold value.
Fig. 11 Summary of 54 significant loci across different traits and regions in two environments. Each row represents a trait, and each column
represents a marker significantly associated with multiple traits. Different colors shown in the legend correspond to different significance levels.
TN, Tiller number; TA, Tiller angle; PH, Plant height; FLL, Flag leaf length; FLW, Flag leaf width; FLLW, The ratio of flag leaf length and flag leaf
width; FLA, Flag leaf angle; PN, Panicle number; PT, Panicle type; PL, Panicle length; PC, Pericarp color; HC, Hull color; LS, Lingshui; HZ, Hangzhou
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In our study, we observed that some loci were signifi-
cantly associated with multiple traits in the same or dif-
ferent environments. The typical example was the Rc gene
at ~6.1 Mb on chromosome 7, which was highly associated
with both PC and HC traits in LS (Fig. 11), supported by a
correlation coefficient value between the two traits (r =
Fig. 12 Linkage disequilibrium block of nine loci on chromosome 11 in Hangzhou. a Manhattan plots for flag leaf length. b Quantile-quantile
plots for flag leaf length. c Manhattan plots for the ratio of flag leaf length and width. d Quantile-quantile plots for the ratio of flag leaf length
and width. e Linkage disequilibrium analysis of the nine loci. The square lattice panel depicts the extent of LD in the region based on r2. The pink
range represents the region of a ~1.6 Mb hotspot associated with flag leaf length and the ratio of flag leaf length and width. Green dots repre-
sent the peaks of new significant SNPs
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0.41, P < 0.001) (Fig. 7a). Previous reports showed that
NAL1 had pleiotropic effects on leaf anatomy, photosyn-
thesis rate, spikelet number and grain yield [12–14].
Our results indicated that NAL1 was associated with
FLW, FLLW and PN in LS (Fig. 11), and the correlation
coefficient values of FLW-FLLW, FLW-PN and FLLW-
PN were also significant (Fig. 7a). In addition, an exten-
sive region (~1.6 Mb on chromosome 11) described as
‘mountain range’ [26], which was associated with FLL
and FLLW, was identified in HZ (Fig. 11; Additional file
12: Figure S4). That this was caused by several genes
(or QTLs) that contribute to the two traits was con-
firmed by the LD block analysis (Fig. 12). This result
demonstrated that the ‘mountain range’ may be critical
for rice leaf architecture and was maintained during
rice domestication.
The results of the allelic analysis demonstrated that with
the continual pyramid of elite alleles, the average phenotypic
value increases significantly (Additional file 17: Figure S6),
and these elite alleles will be beneficial to rice improvement
in the future. Based on the characterization of NPT [1] and
the elite alleles (Additional file 16: Table S11), 37 elite
varieties were obtained as breeding parents to modify the
plant architecture. Furthermore, rice morphological traits
were highly affected by the environments (Table 2), and
most of these traits were significantly correlated with each
other (Fig. 7). Hence, rice plant type modification depends
not only on the pyramiding of elite alleles but also on the
effects of the local environment. More importantly, the
interactions among these loci should also not be ignored.
Conclusions
In this work, we identified a number of significant
marker-trait associations and candidate genes, and also
uncovered the genetic variations of rice morphological
traits using the GWAS strategy in 469 indica accessions.
Moreover, 16 significant loci, including 423 candidate
genes, were obtained across two environments. Relative
expression analyses identified four candidate genes as
the most promising regulators of tiller angle. In addition,
many significant loci showed pleiotropy and gene link-
age. A long genomic region covering ~1.6 Mb may be
critical for rice leaf architecture. The genetic variants
and elite alleles will be useful for rice improvement.
Furthermore, the biological validation of the candidate
genes will be focused on in future research. Genome se-
lection and breeding by design using the elite varieties as
parents will also be of interest in future.
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